There is a growing concern with air and odor emissions from agricultural facilities. A supplementary research project was conducted to complement the U.S. National Air Emissions Monitoring Study (NAEMS). The overall goal of the project was to establish odor and chemical emission factors for animal feeding operations. The study was conducted over a 17-month period at two freestall dairies, one swine sow farm, and one swine finisher facility. Samples from a representative exhaust airstream at each barn were collected in 10 L Tedlar bags and analyzed by trained human panelists using dynamic triangular forced-choice olfactometry. Samples were simultaneously analyzed for 20 odorous compounds (acetic acid, propanoic acid, butyric acid, isobutyric acid, valeric acid, isovaleric acid, hexanoic acid, heptanoic acid, guaiacol, phenol, 4-methylphenol, 4-ethylphenol, 2-aminoacetophenone, indole, skatole, dimethyl disulfide, diethyl disulfide, dimethyl trisulfide, hydrogen sulfide, and ammonia). In this article, which is part 6 of a six-part series summarizing results of the project, we investigate the correlations between odor concentrations and odor activity value (OAV), defined as the concentration of a single compound divided by the odor threshold for that compound. The specific objectives were to determine which compounds contributed most to the overall odor emanating from swine and dairy buildings, and develop equations for predicting odor concentration based on compound OAVs. Single-compound odor thresholds (SCOT) were statistically summarized and analyzed, and OAVs were calculated for all compounds. Odor concentrations were regressed against OAV values using multivariate regression techniques. Both swine sites had four common compounds with the highest OAVs (ranked high to low: hydrogen sulfide, 4-methylphenol, butyric acid, isovaleric acid). The dairy sites had these same four compounds in common in the top five, and in addition diethyl disulfide was ranked second at one dairy site, while ammonia was ranked third at the other dairy site. Summed OAVs were not a good predictor of odor concentration (R2 = 0.16 to 0.52), underestimating actual odor concentrations by 2 to 3 times. Based on the OAV and regression analyses, we conclude that hydrogen sulfide, 4-methylphenol, isovaleric acid, ammonia, and diethyl disulfide are the most likely contributors to swine odor, while hydrogen sulfide, 4-methyl phenol, butyric acid, and isovaleric acid are the most likely contributors to dairy odors. (acetic acid, propanoic acid, butyric acid, isobutyric acid, valeric acid, isovaleric acid, hexanoic acid, heptanoic acid, guaiacol, phenol, 4-methylphenol, 4-ethylphenol, 2-aminoacetophenone, indole, skatole, dimethyl disulfide, diethyl disulfide, dimethyl trisulfide, hydrogen sulfide, and ammonia 
he National Air Emissions Monitoring Study (NAEMS) was established in 2006 subsequent to a U.S. EPA air consent agreement (USEPA, 2008) . As part of the agreement, livestock producers agreed to collect air emission data from representative swine, dairy, and poultry facilities across the U.S. Air pollutant concentrations were measured simultaneously, including particulate matter (PM), ammonia (NH 3 ), hydrogen sulfide (H 2 S), and non-methane volatile organic compounds (NMVOC) (Heber et al., 2008) . A companion study of odor Mention of trade names or commercial products in this article is solely for the purpose of providing specific information and does not imply recommendation or endorsement by the USDA. The USDA is an equal opportunity provider and employer.and odorous VOC emissions was conducted at four NAEMS monitoring sites. The objectives of this odor study were to (1) quantify odor emission characteristics at four NAEMS sites, (2) develop a library of odorous chemicals and correlate the same with olfactometry results, and (3) disseminate information to stakeholders.
This article is part 6 of a six-part series presenting results of the NRI grant project. In part 1, the overall project overview and collection methods are presented . Part 2 focuses on odor emissions as measured using dynamic triangular forced-choice olfactometry with human panelists (Akdeniz et al., 2012a) . In part 3, we present emission rates for chemical compounds (volatile organic compounds, VOC) as measured by GC/MS . Part 4 addresses linear correlations between odor concentrations and individual chemical emissions (Akdeniz et al., 2012b) . Part 5 focuses on correlations between odor intensities and chemical concentrations using GC/MSolfactometry . Part 6 (this article) presents correlations between odor concentrations and OAVs using multivariate regression methods.
ODOR ACTIVITY VALUE
There are hundreds of odorous compounds emitted from animal feeding operations. However, it is unlikely that each of these compounds contributes equally to the aroma of a complex odor mixture. For several reasons, it would be beneficial to understand which of these compounds are most responsible for the odor concentration, including:
• Odor abatement: Methods could be developed to target only those compounds most responsible for the undesirable odors.
• Odor characterization: Quantification of the compounds responsible for odor is expensive and timeconsuming. Analysis of several indicator compounds would be much easier than analyzing the whole gamut of compounds.
• Sensory standardization: Development of standard synthetic mixtures to represent source odors would be beneficial for standardization of odor measurement procedures.
• Standardized testing: Synthetic mixtures would be useful for standardized product testing among odor laboratories. Researchers have found that determining which compounds are most responsible for an odor can be difficult. The advent of improved technology, such as GColfactometry, has led to a better understanding of the odor intensity of individual compounds in a complex odor mixture (Friedrich and Acree, 1998; Zhang et al., 2012) .
One of the methods proposed for assessing the relative importance of an individual compound in a complex odor mixture is the odor activity value (OAV). The OAV is defined as the ratio of the concentration of a single compound to the odor threshold for that compound (Friedrich and Acree, 1998; Trabue et al., 2006) . Conceptually, the larger the OAV, the more likely that compound will contribute to the overall odor of a complex odor mixture. Patton and Josephson (1957) are credited with the original OAV concept, which has been praised, modified, and even criticized over the past 55 years (Guadagni et al., 1963 (Guadagni et al., , 1966 Rothe, 1976; Grosch, 1994; Friedrich and Acree, 1998; Moyano et al., 2009; Nikfardjam and Maier, 2011) . OAV has also been called odor value, odor unit, flavor unit, and aroma value in various publications, although the definition is the same for each term. To avoid confusion, note that this is not the same "odor unit" used by Akdeniz et al. (2012a) in part 2 of this series to quantify odor concentration using dynamic triangular forced-choice olfactometry.
The idea of numerically adding individual OAVs to assess overall odor potential was initially proposed by Guadagni (1963) and later by Leffingwell and Leffingwell (1991) . We use this concept later in this article, a term we define as OAV SUM . Both Trabue et al. (2006) and Parker et al. (2010) used OAV SUM when evaluating background odors in Tedlar sampling bags. When studying combinations of odorants, Audouin et al. (2001) found that OAV provided a poor estimate of odor at higher intensities but was better at lower intensities. One of the arguments against the use of OAV SUM is that it does not account for possible synergistic or other complex interactive effects. Researchers have acknowledged the importance of synergistic and antagonistic effects on individual odorous chemicals (DiSpirito et al., 1994; Powers, 2001; Zahn et al., 2001) . For example, when studying VOCs emitted from flooring material, Reiser et al. (2002) determined that phenol provided a synergistic odor effect at a concentration less than half the reported odor threshold value. Conversely, others have shown that synergistic and antagonistic effects are minor in the intensity of swine odors (Zahn et al., 2001) .
Correlating single-compound concentrations to the overall odor concentration of a complex mixture is the logical first step in determining which compounds are most responsible for the odor (Akdeniz et al., 2012b , part 4 of this series). One of the drawbacks of this methodology is that a strong correlation does not always mean there is a causeand-effect relationship. An example is the use of ammonia as an odor surrogate. There is sometimes a strong correlation between ammonia and odor concentration, while other times the correlation is poor. While ammonia can denote the presence of manure and thus other odorants, ammonia itself is not necessarily the primary odorant.
These potential synergistic or antagonistic effects are one reason that multivariate analyses are useful when conducting odor research. One of these multivariate analysis techniques is factor analysis, which is used to reduce a large number of variables to a smaller set (Ennis et al., 1982) . Multivariate factor analyses have been used successfully to understand complex issues associated with aromas from food (Ennis et al., 1982) and VOC emissions from buildings (Sunnesson et al., 2006) .
Scientists in the food and beverage industries have used OAV routinely in their research. For example, OAV has been used to determine the most important aroma contributors to bread (Hansen and Schieberle, 2005) , cheese Reineccius, 2003), meat (Grosh, 1994) , rice (Buttery et al., 1988) , blackberries (Qian and Wang, 2005) , white wine (Guth, 1997) , orange juice (Plotto et al., 2004) , coffee (Semmelroch and Grosh, 1996) , and beer (Fritsch and Schieberle, 2005) .
Despite the extensive use of OAV in the study of food and beverages, there has been limited use of OAV in assessment of odorants associated with livestock production. In this research, we investigated the use of OAV and multivariate regression techniques for prediction of odors from swine and dairy buildings. The specific objectives of this research were to:
• Calculate and compare single-compound odor thresholds (SCOT) from the literature using different measures of central tendency (arithmetic mean, harmonic mean, geometric mean, and median).
• Determine which compounds are most likely to be responsible for the odor emanating from swine and dairy buildings using OAV analyses.
• Evaluate the suitability of summed OAVs for predicting odor concentrations.
• Develop equations for predicting odor concentration using multivariate regression analyses on the OAV data, and assess their suitability by comparing them to datasets from other sites.
MATERIALS AND METHODS

SAMPLE COLLECTION AND ANALYSES
Details on the sample collection and analyses techniques are presented in parts 1, 2, and 3 of this series (Akdeniz et al., 2012a; Bereznicki et al., 2012; . Briefly, multiple odor and VOC samples were collected over a 17-month period from November 2007 to April 2009 at the following NAEMS facilities (nominal average animal weights and building capacities given):
• NAEMS site IN3B: Swine finishing quad building with four tunnel-ventilated rooms with deep-pit manure collection system, each room housing 1000 pigs (63 kg).
• NAEMS site IA4B: Sow farm with two tunnelventilated gestation rooms with deep-pit manure collection, each room housing 1000 sows (250 kg); and 16 farrowing rooms with pull-plug manure collection systems, each room housing 24 sows (250 kg) and 228 piglets (3.1 kg).
• NAEMS site IN5B: Dairy farm with two tunnelventilated freestall barns with scraper manure collection, each barn housing 1,600 cows.
• NAEMS site WI5B: Dairy farm with two tunnelventilated freestall barns with 275 and 375 cows, respectively. Midway through the test, both barns switched from manure removal by flushing to scraping. Samples were drawn from a representative exhaust airstream of each barn. Odor samples were collected in Tedlar bags and analyzed in the laboratory by eight trained human panelists using dynamic triangular forced-choice olfactometry with an AC′SCENT international olfactometer (St. Croix Sensory, Lake Elmo, Minn.). VOCs were simultaneously sampled using sorbent tubes and analyzed by gas chromatography/mass spectrometry (GC/MS) using an Agilent 6890 GC/MS with a model 3200 automated thermal desorption inlet. The GC/MS instrument was equipped with a precolumn (12 m × 0.53 mm × 1 μm, phenyl methylpolysiloxane) followed by a polar analytical column (25 m × 0.53 mm ×1 μm, fused silica polyethylene glycol). Throughout the life of the project, barn exhaust air samples were analyzed for ammonia, hydrogen sulfide, and 15 VOCs (acetic acid, propanoic acid, butyric acid, isobutyric acid, valeric acid, isovaleric acid, hexanoic acid, heptanoic acid, guaiacol, phenol, 4-methylphenol, 4-ethylphenol, 2-aminoacetophenone, indole, skatole). Three sulfide-containing VOCs (dimethyl disulfide, diethyl disulfide, dimethyl trisulfide) were also detected, and were analyzed during the last few months of the project.
Ammonia and H 2 S concentrations were analyzed using semi-continuous laboratory-grade analyzers located in an environmentally controlled trailer adjacent to the buildings. Ammonia was measured using a photoacoustic multigas analyzer (Innova model 1412, LumaSense Technologies, Ballerup, Denmark), and H 2 S was measured with a pulsed fluorescence analyzer (model 450i, Thermo Electron Corp., Franklin, Mass.). The NH 3 and H 2 S instruments were calibrated weekly.
SINGLE-COMPOUND ODOR THRESHOLDS
A comprehensive literature review of odor detection thresholds is presented by van Gemert (2003) . The odor detection thresholds were statistically analyzed to determine the single-compound odor threshold (SCOT) for individual chemical compounds. The SCOT is defined as the lowest concentration of a single compound in air that can be detected by the human olfactory sense when compared to a non-odorous sample (Parker et al., 2010) . By definition, SCOT is comparable to the odor concentration (i.e., odor detection threshold or dilution-to-threshold, DT) for a mixture of odorous compounds, such as those found in manure (ASABE Standards, 2007) .
A spreadsheet was constructed for each compound, and the median, arithmetic mean, harmonic mean, and geometric mean SCOT were calculated. Several of the odor detection thresholds in van Gemert's compilation were ranges, for which a single value (the average of the minimum and maximum) was calculated and used in the SCOT calculations.
ODOR ACTIVITY VALUES
Using the concentration of VOC in the air samples from the swine and dairy buildings, OAV were calculated for each individual compound. The geometric mean SCOT value was used for the calculation of OAV (eq. 1):
where OAV is the odor activity value for an individual compound (dimensionless), C is the concentration of the compound (μg m -3 ), and SCOT GM is the geometric mean odor detection threshold for the individual compound (μg m -3 ) For this research, the geometric mean odor detection thresholds as calculated from the compilation of van Gemert (2003) were used in equation 1.
The total OAV for a mixture of n odorous compounds (OAV SUM ) was calculated by summing the individual compound OAVs (eq. 2):
where OAV 1 through OAV n are the calculated OAVs of the n individual compounds. Odor concentrations (OC) were regressed against OAV SUM using linear regression (eq. 3):
( )
where OC is the predicted odor concentration (odor units), and B 0 and B 1 are regression coefficients. Substituting equation 2 into equation 3 allows OC to be expressed as:
It should be noted here that the calculation of OC using equations 3 and 4 places equal weight on all individual OAVs. However, it is known that VOCs do not all contribute equally to the odor mixture (Audouin et al., 2001; Kim, 2010) .
MULTIVARIATE REGRESSION ANALYSES
To overcome the equal weighting shortcomings of equations 3 and 4, prediction equations were also developed using multilinear regression techniques (eq. 5): 
where A 1 through A n are regression coefficients (i.e., weights applied to the OAV values) determined in the multilinear regression analyses. The statistical analyses were conducted using the PROC REG procedure and MaxR (maximum R 2 improvement) selection method in SAS version 9.2 (SAS Institute, Inc., Cary, N.C.). The MaxR selection method considers all possible variable combinations to find the best (i.e., the highest R 2 per the MaxR selection method) one-variable model, the best two-variable model, the best three-variable model, and so on. Detailed multivariate regression analyses were conducted for the IA4B swine site and the WI5B dairy site, and the data from the IN3B swine site and IN5B dairy site were used for validating the regression models.
RESULTS AND DISCUSSION
SINGLE-COMPOUND ODOR THRESHOLDS
Single-compound odor thresholds (SCOT) are presented for the 20 compounds measured in this research (table 1) . Published SCOT values varied considerably, with ranges covering two orders of magnitude for many individual compounds. There were considerable differences between the different measures of central tendency. The harmonic mean SCOT was lowest for most compounds. Median and geometric mean SCOT were most similar, while the arithmetic mean SCOT was typically greater than the other measures of central tendency by an order of magnitude or more (table 1) . This was because the arithmetic mean is influenced by the larger individual values.
While the geometric mean SCOT values of van Gemert (2003) were used in the modeling, the geometric mean SCOT values of Parker et al. (2010) are provided for comparison in table 1. Considering that the references used to compile the two compilations were highly variable, the two compilations compared favorably. The compounds propionic acid, isobutyric acid, and indole had similar geometric mean SCOT values. Compounds in the present compilation with geometric mean SCOT values higher than those given [b] n = Number of independent odor threshold observations used in the calculations [c] SCOT values from Parker et al. (2010) provided for comparison. [d] 4-Ethylphenol threshold from Trabue et al. (2008) [e] 2-Aminoacetophenone threshold from Buttery and Ling (1994) by Parker et al. (2010) were acetic acid and phenol. Compounds with geometric mean SCOT values lower than the former compilation were butyric acid, isovaleric acid, valeric acid, hexanoic acid, 4-methylphenol, and skatole.
ODOR ACTIVITY VALUES
Summary statistics for OAVs are provided in tables 2 to 5. The ranking of arithmetic mean OAVs for each compound provides an insight into those compounds of most importance to the overall odor. The IA4B swine site had eight compounds with mean OAV greater than 1.0 (table 2 ). An OAV of 1.0 implies that the concentration of the compound is equal to the published SCOT value for that individual compound. Compounds with OAV lower than 1.0 would likely contribute little to the overall odor of the sample, whereas compounds with large OAV would contribute more substantially. Hydrogen sulfide at the IA4B swine site had the largest mean OAV of 718, followed in order by 4-methylphenol (29.9), butyric acid (8.4), isovaleric acid (6.1), and skatole (3.8).
The IN3B swine site had nine compounds with mean OAV greater than 1.0, and two others had means of 0.97, just slightly less than 1.0 (table 3). For the IN3B swine site, hydrogen sulfide had the largest mean OAV of 111.5, followed in order by 4-methylphenol (57.2), butyric acid (37.9), isovaleric acid (16.3), and diethyl disulfide (7.9). There were some similarities for the two swine sites. Both sites had the same mean OAV ranking for the first four compounds. Eight compounds with mean OAV greater than 1.0 were common to both swine sites, including butyric acid, isovaleric acid, valeric acid, 4-methylphenol, skatole, diethyl disulfide, hydrogen sulfide, and ammonia.
For the WI5B dairy site, five compounds had mean OAVs greater than 1.0 (table 4). Hydrogen sulfide had the largest mean OAV of 35.4, followed in order by diethyl disulfide (3.2), 4-methylphenol (2.1), butyric acid (1.5), and isovaleric acid (1.3). The IN5B dairy site had two compounds with mean OAV greater than 1.0, and another slightly lower with a mean of 0.90 (table 5) . For the IN5B dairy site, hydrogen sulfide had the largest mean OAV of 21.3, followed in order by 4-methylphenol (2.7) and ammonia (0.9). For the two dairy sites, two compounds (hydrogen sulfide and 4-methylphenol) were commonly ranked with OAV greater than 1.0.
Hydrogen sulfide and 4-methylphenol were the only two compounds with mean OAV greater than 1.0 common to all four sites, and H 2 S was ranked highest in all sites, while there were five compounds with mean OAV greater than 1.0 common to three sites (hydrogen sulfide, diethyl disulfide, 4-methylphenol, butyric acid, and isovaleric acid).
RELATIONSHIP BETWEEN ODOR CONCENTRATION AND OAV SUM
As shown in figures 1 to 4, odor concentrations were positively correlated with OAV SUM for all four sites. The regressions were significant for the IA4B and WI5B sites (both with and without the sulfide data), and the IN3B and IN5B sites (without the sulfide data only) (p < 0.05). Although the slopes were positive, the regressions were not significant for the IN3B and IN5B sites with the sulfide data (p = 0.086 and 0.51, respectively). The addition of the three sulfide-containing VOCs added little to the magnitude of OAV SUM . There were slight differences in regressions when the sulfide-containing VOCs were included, but this was most likely because the analyses of sulfide-containing VOCs was initiated about halfway through the project, so there were unequal numbers of observations. The R 2 values ranged from 0.30 to 0.52, demonstrating that OAV SUM only explains about one-third to one-half of the variation among odor samples.
Ideally, the slopes in figures 1 to 4 would be equal to 1.0, and the y-intercepts would be zero. Actual slopes ranged from 1.50 to 2.75, indicating that OAV SUM only accounts for one-third to one-half of the odor concentration. Plausible causes could include (1) the existence of synergistic effects among compounds, (2) geometric mean odor thresholds are 2 to 3 times too high, (3) the existence of other odorous VOCs (or non-VOCs) not measured in this research, (4) actual odor concentrations were overestimated, or (5) actual VOC concentrations were underestimated.
Even if some or all of these causes were true, there is still considerable scatter in figures 1 to 4 that cannot be entirely explained by the five causes listed above. From these results, we conclude that OAV SUM is a useful tool for assessing general trends in odor concentration at animal feeding operations, but it cannot be used with a high degree of accuracy for predicting odor concentrations. 
ODOR CONCENTRATION PREDICTION MODELS
The multivariate regression analyses for the IA4B swine and WI5B dairy sites yielded numerous multiparameter prediction models for odor concentration. Because only a portion of the total odor samples were analyzed for the three sulfur-containing VOCs, separate regression analyses are presented for those with or without the three sulfurcontaining VOCs. For the IA4B swine site, there were 51 odor samples that did not include the three sulfurcontaining VOCs. For this dataset, the multilinear regression results ranged from a best one-parameter model (ammonia only, R 2 = 0.534) to a 10-parameter model with R 2 = 0.655 (table 6) . There was little improvement between the 4-parameter (R 2 = 0.645) and 10-parameter (R 2 = 0.655) models.
There were 20 odor samples in the dataset analyzed with the three sulfur-containing VOCs. For this dataset, the regression ranged from a best one-parameter model (4-methylphenol, R 2 = 0.70) to a 10-parameter model with R 2 of 0.98 (table 7) . The best 10-parameter model included all three of the sulfur-containing VOCs and hydrogen sulfide. An interesting aspect to the results in table 7 is that 4-methylphenol was included in every model from n = 1 to n = 10 parameters, yet we noticed that for the 11-parameter model it was removed, being replaced instead with phenol and 4-ethylphenol. This demonstrates a very important point: just because a multilinear regression analysis selects certain parameters, there is still no certainty that those parameters are the most likely indicators of odor. Based on the OAV analyses and the regression analyses, there is no doubt that 4-methylphenol is one of the highest contributors to odor, yet had we based our conclusions on the 11-parameter model in table 7, we would have come up with an entirely different conclusion. Nevertheless, the R 2 values for this dataset are high, suggesting the possibility of predicting odor concentration with reasonable accuracy using weighted OAVs.
For the WI5B dairy site, there were 31 total odor samples of which 12 included the sulfur-containing VOCs. For the full 31-sample dataset, R 2 ranged from 0.77 for the oneparameter model (H 2 S only) to 0.95 for the 10-parameter model (table 8) . For the smaller dataset that included the sulfur-containing VOCs, R 2 ranged from 0.49 for the oneparameter model (4-methylphenol only) to 1.00 for the 10-parameter model (table 9) . While 4-methylphenol was the top pick in the smaller dataset, surprisingly it was not included at all in the larger dataset. Upon further examination of the larger dataset, we observed three odor samples with elevated odor concentrations and high but variable hydrogen sulfide concentrations. For the larger dataset, 4-methylphenol alone produced an R 2 of 0.12, yet the R 2 value was 0.49 for the smaller dataset, which had the three samples removed because those samples were not analyzed [a] NH 3 = ammonia, 4Met = 4-methylphenol, H 2 S = hydrogen sulfide, 2Amin = 2-aminoacetophenone, Isob = isobutyric acid, Ind = indole, Acet = acetic acid, Isov = isovaleric acid, Prop = propionic acid, and Hept = heptanoic acid. [a] 4Met = 4-methylphenol, Acet = acetic acid, Prop = propionic acid, Deds = Diethyl disulfide, NH 3 = ammonia, Hex = hexanoic acid, Dmds = dimethyl disulfide, Isov = isovaleric acid, Hept = heptanoic acid, 2Amin = 2-aminoacetophenone, H 2 S = hydrogen sulfide, Dmts = dimethyl trisulfide, Ind = indole, Phen = phenol, and 4Eth = 4-ethylphenol.
for the sulfur-containing VOCs. These three atypical data points greatly influenced the regression analyses by causing 4-methylphenol to be excluded from the regression in table 8, but there was no justification for their removal from the regression analyses because the data were believed to be accurate and representative of actual conditions at the dairy. The results of these multilinear regressions show that better odor concentration predictions were obtained with the regressed OAVs than with OAV SUM. This is also evident when comparing graphs of predicted odor concentrations with the different models (figs. 5 to 8). However, despite the better R 2 values, there were still considerable inaccuracies for the swine data in the predictions at the lower odor concentrations (less than 1000 odor units) ( fig. 7) .
VALIDATION OF ODOR MODELS TO OTHER DATASETS
The ultimate goal of any predictive model is to accurately estimate the predicted variable with other datasets (in this case, predicting odor concentration with VOC concentrations). The final test of a model should be to determine whether it successfully predicts the variable of interest with other datasets, a process commonly called validation or verification (James and Burges, 1982; Kleijnen, 1995; Chang and Hanna, 2004.) . Any model can have high predictive capability within the dataset from which it was developed, but the true test of a predictive odor model is its usefulness in predicting odor concentrations with other datasets. Not only is validation useful for assessing the accuracy of the model, it is also useful for determining potential limitations of the model. To accomplish this validation step, we compared the models developed for the IA4B swine site (tables 6 and 7) to the dataset for the IN3B swine site, and we compared the models developed for the WI5B dairy site (tables 8 and 9) to the dataset for the IN5B dairy site.
As shown in table 10, only one of the eight validation R 2 values was reasonably close to the model-developed R 2 , and that was for the 10-parameter model, without the three sulfur-containing VOCs, for the comparison of the two swine sites (R 2 = 0.66 for original model, R 2 = 0.53 for validation). All other validation R 2 values were generally poor, with the 2-parameter model R 2 ranging from 0.01 to 0.26, and the 10-parameter model R 2 ranging from 0.00 to 0.19. From these results, we conclude that models to predict OC from OAV are likely appropriate for future predictions at the same site, but that caution should be used before these models are used at other sites, especially those of different types (i.e., swine finishing vs. sow farm). As evident in table 10, even for a high R 2 model (i.e., the 10-parameter swine model with the three sulfur-containing VOCs with R 2 = 0.98), if this model were used at a different swine site, the R 2 was extremely poor (R 2 = 0.00). These results also show that, as with any model, validation of the model for the specific site at which it will be used is highly recommended.
In terms of odor prediction, while the regression analyses developed in this research produced useful information for predicting odor concentrations at the site for 5 (WI5B dairy site) . Shown are coefficients for n = 1 to 10 parameter models. These coefficients were developed from 31 odor samples with matching VOC, H 2 S, and NH 3 data (17 of 20 odorous compounds, not including the three sulfur-containing VOCs). [a] H 2 S = hydrogen sulfide, Prop = Propionic acid, NH 3 = ammonia, But = butyric acid, Isov = isovaleric acid, Acet = acetic acid, Phen = phenol, 4Eth = 4-ethylphenol, Isob = isobutyric acid, Val = valeric acid, Skat = skatole, Hept = heptanoic acid, and Ind = Indole. [a] 4Met = 4-methylphenol, But = butyric acid, NH 3 = ammonia, Guai = guaiacol, H 2 S = hydrogen sulfide, Hept = heptanoic acid, Prop = propionic acid, 4Eth = 4-ethylphenol, Acet = acetic acid, Phen = phenol, and Dmts = dimethyl trisulfide.
which they were developed, care must be taken not to assume that the parameters selected in the prediction models are the compounds most responsible for the odor. Just because a parameter is highly correlated with odor concentration does not necessarily mean that there is a cause-andeffect relationship between odor concentration and OAV. Zar (1999) summarized this concept when stating that "causal relationships are concluded only with some insight into the natural phenomenon being investigated and may not be declared by statistical testing alone." For this reason, we are cautious in stating with certainty which compounds are most responsible for odor based on the regression analyses alone. However, by combining the results of the OAV analyses (tables 2 to 5) with the results of the regression analyses (tables 6 to 9), we were able to better determine which compounds were most likely the most important contributors to the overall odor for the samples analyzed. Four compounds (hydrogen sulfide, 4-methylphenol, isovaleric acid, and ammonia) were common to the OAV and regression analyses for the IA4B swine site (table 11) . Two compounds (hydrogen sulfide and butyric acid) were common for the WI5B dairy site, while isovaleric acid and 4-methylphenol were common to the OAV analyses and one of the regression tables (table 12) . This is not to say [a] Subjective probability that the compound is most responsible for odor. that other compounds do not provide some contribution to the overall odor, but rather that these are the most important and largest contributors.
For comparison, Zahn et al. (2001) developed a synthetic swine odor solution composed of 19 compounds: dimethyl disulfide, acetic acid, propionic acid, isobutyric acid, 2-butanol, butyric acid, isovaleric acid, valeric acid, isocaproic acid, caproic acid, heptanoic acid, indole, skatole, 4-methylphenol, 4-ethylphenol, phenol, benzyl alcohol, 2-aminoacetophenone, and ammonium acetate. Zahn et al. (2001) then used nine of the 19 compounds in a model to predict odor intensity (valeric acid, butyric acid, heptanoic acid, phenol, 4-methylphenol, acetic acid, isobutyric acid, 4-ethylphenol, and skatole). Of these nine compounds, four compounds (4-methylphenol, butyric acid, skatole, and valeric acid) were in common with those we reported having mean OAV greater than 1.0 in our 51 swine odor samples (table 2) . Likewise, four compounds (4-methylphenol, isobutyric acid, acetic acid, and heptanoic acid) were in common with the 10-parameter model we developed from 51 swine odor samples (table 6) . Trabue et al. (2008) reported that butyric acid made the single largest contribution to OAV (35.2%) in a swine finishing building with a pull-plug waste management system, followed closely by indole (22.9%) and 4-methylphenol (22.2%). Only 4-methylphenol was common between Zahn's model, the results of Trabue et al. (2008) , our OAV summary (table 2), and our regression analyses (table 6). Similarly, Parker et al. (2012) reported that 4-methylphenol accounted for the majority of the OAV (79.5%) for land-applied swine manure, followed by skatole (12.3%) and the sum of the VFAs (4.8%).
CONCLUSIONS
The following conclusions were drawn from this research:
• A literature review of single-compound odor thresholds (SCOT) shows that published SCOT values span one to two orders of magnitude. Calculated median and geometric mean SCOT were of lower magnitude than arithmetic mean SCOT.
• Both swine sites had the same four compounds with the highest OAVs (ranked high to low: hydrogen sulfide, 4-methylphenol, butyric acid, and isovaleric acid). The two dairy sites were more variable. While hydrogen sulfide had the highest OAV at both dairy sites, other top-ranked compounds included ammonia, diethyl disulfide, 4-methylphenol, butyric acid, and isovaleric acid. Based on the OAV analyses alone, these compounds are most likely to be responsible for the odor emanating from swine and dairy buildings.
• Summed OAVs were not a good predictor of odor concentration (R 2 = 0.16 to 0.52), underestimating measured odor concentrations by 2 to 3 times.
• Equations developed for predicting odor concentration using multivariate regression analyses on the individual OAVs were better than using summed OAVs. When the three sulfur-containing VOCs were not included, 10-parameter model R 2 values of 0.66 and 0.95 were obtained for the swine and dairy sites, respectively. When the three sulfur-containing VOCs were included, maximum 10-parameter model R 2 values of 0.98 and 1.00 were obtained for the swine and dairy sites, respectively. However, even with the high R 2 values, there were still considerable inaccuracies for the swine site at odor concentrations less than 1000 odor units. Whenever the models were validated on other sites, the odor concentration predictions were generally poor (R 2 = 0.00 to 0.53).
